Abstract. An original and simple method to map surface soil moisture over large areas has been developed to obtain data with a high temporal and spatial resolution for the study of possible feedback mechanisms between soil moisture and convection in West Africa. A rainfall estimation product based on Meteosat geostationary satellite measurements is first used together with a simple Antecedent Precipitation Index (API) model to produce soil moisture maps at a spatial resolution of 10×10 km 2 and a temporal resolution of 30-min. However, given the uncertainty of the satellitebased rainfall estimation product, the resulting soil moisture maps are not sufficiently accurate. For this reason, a technique based on assimilating AMSR-E C-band measurements into a microwave emission model was developed in which the estimated rainfall rates between two successive AMSR-E brightness temperature (TB) measurements are adjusted by multiplying them by a factor between 0 and 7 that minimizes the difference between simulated and observed TBs. Groundbased soil moisture measurements obtained at three sites in Niger, Mali and Benin were used to assess the method which was found to improve the soil moisture estimates on all three sites.
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Introduction
A number of recent papers have focused on the potential role of soil moisture in surface-precipitation feedback mechanisms. Many of these studies concern West Africa, a region with a strong coupling mechanism between soil moisture and precipitation in climate models, as shown by
Correspondence to: T. Pellarin (thierry.pellarin@hmg.inpg.fr) Koster et al. (2004) . The soil moisture-precipitation feedback can be either positive when the additional atmospheric humidity provided by a wet area tends to generate higher precipitation or negative when the soil moisture tends to reduce moist convection over wet areas. Taylor et al. (1997) found that rainfall patterns can persist over many storms in the Sahel, suggesting the presence of positive feedback. Similar findings have been found with model studies (Liu and Avissar 1999) . On the other hand, some authors have found negative feedback, for instance Cheng and Cotton (2004) , Taylor and Ellis (2006) and Cook et al. (2006) .
A difficulty in studying soil moisture-precipitation feedback on the basis of observational data is the lack of sufficiently accurate soil moisture mapping at a suitable spatial and temporal scale. Today, no satellite sensor has optimal characteristics for soil moisture retrieval. The wavelengths as well as the spatial and temporal resolutions have not been specifically selected for continental studies (Prigent et al., 2005) . However, many attempts on the determination of surface soil moisture have been achieved by using various satellite remote sensing data (see for instance Wen et al., 2003) . In the near future, two proposed space missions will be exclusively devoted to the measurement of soil moisture from space: the SMOS mission ) and the SMAP mission (Entekhabi et al., 2007) . Presently the AMSR-E sensor onboard the Aqua platform provides passive microwave measurements which are directly related to soil moisture over areas with no or little vegetation cover . However, the temporal resolution of AMSR-E (ranging from 12 h to 36 h) has been found to be insufficient to capture the rapid dynamics of surface soil moisture in West Africa (Pellarin et al., 2008) . In Sahelian regions (12 • N-20 • N), most rainfall events (80-90%) are convective systems and are generally short-lived (<10 h) (Laurent et al., 1996; Mathon et al., 2002) . In addition, warm atmospheric conditions in the Sahel region produce high evaporation rates which rapidly dry the top centimetres of the soil that are observable by satellite microwave sensors.
In this paper, a method is proposed to obtain high resolution surface soil moisture estimates (10×10 km 2 spatial and 30-min temporal resolution) for statistical studies aimed at furthering our understanding of soil-atmosphere feedback mechanisms. Section 2 describes the methodology which uses two satellite-based measurements, a simple Antecedent Precipitation Index (API) model and a microwave emission model. The estimates are compared with soil moisture measurements acquired at ground level over a North-South gradient (Mali, Niger and Benin). Section 3 presents the results at the local and regional scale.
Method
The approach is based on the assimilation of AMSR-E microwave brightness temperatures (TB) into a simple Antecedent Precipitation Index (API) model coupled with a microwave emission model. First, the API model uses a satellite-based rainfall estimation product (EPSAT-SG) as input to provide 2-D surface soil moisture maps for West Africa every 30-min. The microwave emission model produces the associated C-band (6.9 GHz) TBs. Then, an assimilation technique is used to modulate the satellite-based rainfall estimates in order to minimize the difference between simulated TBs and the observed AMSR-E TBs. This original technique takes into account the uncertainty in the satellite-based rainfall estimates.
EPSAT-SG satellite-based rainfall estimation product
The EPSAT-SG rainfall product (Chopin et al., 2005) uses a neural network procedure to estimate rainfall on the basis of IR geostationary satellite data provided by METEOSAT 8 and low orbit satellite microwave data of the Tropical Rainfall Measurement Mission (TRMM) radar. The annual rainfall accumulation is forced to match the Global Precipitation Climatology Project (GPCP) rainfall product (Adler et al., 2003) . A comparison of the EPSAT-SG rainfall product with ground-based rainfall measurements acquired over three sites in Niger, Mali and Benin is shown in Fig. 1 . Note that EPSAT-SG tends to overestimate the total number of rainy days and underestimate the rainfall accumulation at the event timescale. The overestimation of the number of rainy days is frequently observed in satellite-based rainfall products based on statistical relationships between the top-cloud temperature value and precipitation rate measured at ground level. This is particularly true in the Sahel where strong evaporation of the rain can occur between the clouds and the ground. The total number of rainy days (from June to September 2006) based on ground-based measurements in Niger (Wankama site) is 34 whereas EPSAT-SG indicates 86 days. In Mali (Agoufou site), the number of rainy days is 39 (ground level) and 76 (EPSAT-SG). In Benin (Nalohou site), the number of rainy days is 51 (ground level) and 97 days (EPSAT-SG). In addition, the total rain amount (from June to September) is underestimated by 37%, 14% and 22% for the Niger, Mali and Benin sites, respectively. On the other hand, note that each rainfall event detected by ground-based measurements is also detected by the satellite-based rainfall product.
Ground-based soil moisture measurements
In situ soil moisture measurements were obtained using CS616 
API model
A simple model is used to simulate soil water dynamics. It is based on the concept of the so-called API. As the API needs only precipitation data as model input, it has been widely used in rainfall-runoff applications to parameterize the soil moisture conditions in hydrological catchments (Sittner et al., 1969; Descroix et al., 2002) . The API model can be expressed as:
where j is a daily time index, P j an estimate of the rainfall accumulation in mm over 30-min intervals, and δ a decreasing time parameter expressed in minutes. To match the API with observed volumetric soil moisture measurements [v/v] , Crow and Ryu (2009) proposed the following rescaling procedure:
The rescaling procedure ensures that the rescaled soil moisture possess a long-term mean (µ) and standard deviation (σ ) matching the observed mean soil moisture (µ θ ) and standard deviation (σ θ ). However, the mean soil moisture (µ θ ) and standard deviation (σ θ ) values are available only where in situ measurements are obtained. To produce 2-D soil moisture mapping over West Africa using the proposed approach, a spatial distribution of µ θ and σ θ is required. To achieve this, 6 surface soil moisture time series measured in Mali (Bamba, Zaket, Ekia, Agoufou), Niger (Wankama) and Benin (Nalohou) were analyzed to find a statistical relationship between µ API and µ θ and a second relationship between σ API and σ θ as shown in Fig. 2 . The two relationships can be written as:
C-band brightness temperatures simulations
The C-MEB (C-band Microwave Emission of the Biosphere) model (Pellarin et al., 2006 ) was used to simulate brightness temperatures based on the 2-D soil moisture mapping obtained in the first step. In the C-MEB model, the polarized brightness temperature (TB p ) is expressed as a function of the ground emissivity (ep) and the effective soil temperature (T eff ) as TB p =e p .T eff . The ground emission is computed as e p =1−r p , where r p is the polarized microwave reflectivity which mainly depends on soil moisture and, to a small extent, soil density as well as textural and structural properties (Wigneron et al., 2007) . Soil reflectivity is modelled using an approach based on the generalized semi-empirical formulation developed by Wang et al. (1983) , involving three roughness parameters (h soil , q soil and N soil ):
where θ is the incidence angle and r * p the soil reflectivity of a plane surface, which depends on the soil dielectric permittivity and the incidence angle. Wang et al. (1983) found that N soil =0 gave results that were consistent with measurements at three frequencies (1.4, 5, and 10.7 GHz). Concerning the soil dielectric permittivity, two studies devoted to West Africa have shown that the Mironov model (Mironov (Pellarin et al., 2009; de Rosnay et al., 2009b) .
A simple estimation of the effective soil temperature was introduced by Wigneron et al. (2001) as a function of soil temperature at two depths and surface soil moisture:
where wg is the surface soil moisture, w 0 and bw 0 are semi-empirical parameters depending on the specific soil characteristics, and T surf and T deep are the soil temperatures at 1 cm and 50 cm depth, respectively. At the regional scale, surface soil temperatures were provided by the SEVIRI/MSG geostationary satellite and were processed by the LSA-SAF operational node at the Institute of Meteorology of Portugal. Under cloudy conditions, missing surface soil temperatures were replaced by modelled surface soil temperatures derived from the ISBA land surface model (Noilhan and Planton, 1989) . Atmospheric fields required by ISBA were provided by the ALMIP Intercomparison Project (http://www.cnrm.meteo.fr/ amma-moana/amma surf/almip/index.html and Boone et al., 2009) . Similarly, deep soil temperature values were also derived from the ISBA land surface model. Note that the deep soil temperature had only a slight influence compared to that of soil emissivity. When a vegetation layer is present on the soil surface, it attenuates the soil emission and adds its own contribution to the emitted radiation. At low frequencies, these effects can be well approximated by a simple semi-empirical model, referred to as the τ −ω model. This model is based on the optical depth τ and the single scattering albedo ω, which are used to represent, respectively, the vegetation attenuation properties and the scattering effects within the canopy layer (Mo et al., 1982) . Based on the τ −ω approach, several relationships have been proposed to compute the vegetation optical thickness. For West Africa, de Rosnay et al. (2009b) showed that the best parameterization was the Kirdyashev formulation (Kirdyashev et al., 1979) . It expresses the vegetation optical thickness as a function of the wave number k (between 1 GHz and 7.5 GHz), the dielectric constant of vegetation water ε vw (imaginary part), VWc, incidence angle θ, water density ρ water and a vegetation structure parameter a geo :
The vegetation water content (VWc) was derived from the leaf area index (LAI) provided by the ECOCLIMAP database (Masson et al., 2003) .
Assimilation of AMSR-E microwave measurements
The assimilation technique proposed in this study assumes that the satellite-based rainfall rate estimates are possibly erroneous (as shown by daily rainfall amounts in Fig. 1 ) and can be improved by applying a simple multiplicative factor that minimizes the difference between observed (AMSR-E) and simulated TBs in terms of the root mean square error (RMSE). The sequential algorithm is based on two successive AMSR-E TB measurements over a given pixel and computes eight soil moisture simulations using the following multiplicative factors: 0, 0.25, 0.5, 1, 2, 3, 5 or 7. The upper graph in Fig. 3 shows an example of the eight simulated surface soil moisture (SSM) time-series (solid lines) between two successive AMSR-E TB measurements and the corresponding adjusted rainfall rates (dotted lines). The lower graph presents the simulated TBs associated with the eight soil moisture simulations. The two sets of curves correspond to horizontal (bottom) and vertical (top) polarization. The best solution is the factor that provides the best fit between simulated and observed TBs, taking into account the horizontal and vertical polarization cases. In Fig. 3 , the best solution is given by the multiplicative factor 2.
Results

API model at the local scale
The API technique was assessed at the local scale using ground-based rainfall measurements and satellite-based rainfall estimates. A calibration procedure was used to find the best decreasing time parameter δ of Eq. (1) for the three sites of Wankama (Niger), Agoufou (Mali) and Nalohou (Benin). A value equal to 4 days (δ=5760 min) was found to be relevant for the three sites. Comparisons were made using the mean value of all soil moisture measurements (−5 cm) located around Wankama (6 sensors), Agoufou (3 sensors) and Nalohou (3 sensors). When ground-based rainfall measurements are used, the coefficients of determination (R 2 ) are equal to 0.69, 0.63 and 0.50 at the Wankama, Agoufou and Nalohou sites, respectively. The total number of rainy days from 1 June to 30 September is mentioned in Fig. 1 (a rainy day corresponds to a 24-h period during which a rain event occurs). Fig. 3 . Illustration of the methodology based on the selection of the rainfall rate that minimizes the difference between AMSR-E TB observations (diamonds in the two curves of the lower graph) and simulated TB. Here, the best TB simulation (curves in bold) is obtained using a multiplicative factor of 2 on the rainfall rate (Niger site).
When satellite-based rainfall estimates (EPSAT-SG) are used, the agreement (R 2 ) between observed and estimated soil moisture decreases from 0.69 to 0.28 at Wankama, from 0.63 to 0.36 at Agoufou, and from 0.50 to 0.46 at Nalohou. These lower scores are mainly due to the strong underestimation of rainfall amounts at the beginning of the rainy season (June to mid-July) and the overestimation of the number of rainy days. False rain events are indicated at the Wankama site at the beginning of July and at the end of September. Despite that, due to the normalization procedure presented in Sect. 2.3, the methodology provides surface soil moisture estimates with a low bias (<1.6% vol.) and relatively low RMSE (<3.7% vol.).
Microwave brightness temperatures at the regional scale
Based on the EPAST-SG rainfall product (10×10 km 2 , 30-min), soil moisture maps at the same spatial and temporal resolution were constructed using Eqs.
(1) to (4) at the regional scale. To compute microwave brightness temperatures, the ECOCLIMAP database was used to differentiate three types of land cover (bare soil, forest and herbaceous vegetation) as shown in Fig. 5 . The vegetation water content (VWc) values were fixed at 4 kg/m 2 for forest and 0.5×LAI for herbaceous vegetation (Pellarin et al., 2003) with LAI derived from the ECOCLIMAP database. The a geo parameter value was fixed at 0.66 for forest and 0.33 for herbaceous vegetation (Kirdyashev et al., 1979) . The C-MEB model was calibrated to account for the spatial variability of roughness parameters in West Africa, which can play a significant role in soil microwave emission. Simulations were run using the C-MEB model with a large range of values for the four soil parameters (h soil , q soil , w 0 and bw 0 ) and the EPSAT-SG rainfall product from June to September 2006. Based on the root mean square errors (RMSE) between simulated and AMSR-E observed TBs, the two parameters related to the effective temperature have a minor impact on TB simulations. On the other hand, h soil and q soil parameters have a strong impact on TB simulations and a large dispersion of the two roughness parameters was found, as shown in Fig. 6 . The h soil and q soil maps reflect the topography (mountains of Aïr, Tibesti, and south of the Hoggar). In the south of the domain, covered with vegetation, the dispersion of the hsoil and qsoil values is due to a mixed contribution of soil roughness, topography and vegetation.
An example of estimated surface soil moisture mapping and associated simulated brightness temperatures (Hpolarization) is shown in Fig. 7 for 9 August 2006 at 01:30 a.m. The same figure shows the corresponding AMSR-E measurements (descending track, 9 August 2006 at 01:38 a.m.). General agreement can be observed between the simulated and observed TBs due to a significant rain system that wet a large part of the Sahel, from the south of the Aïr Mountains (Niger) to southern Mali, extending through northern Mali. However, a detailed analysis of the simulated TB signature reveals some significant differences with respect to the AMSR-E signature. For instance, soil moisture simulations (and associated TBs) display a wet area in northwestern Mali (centred at ∼4 • E, 19 • N) whereas no signature of a wet area can be observed in the AMSR-E measurements. Figure 7b also shows the vegetation optical thickness calculated using Eq. (7), which describes regions with a high degree of vegetation cover. 
AMSR-E assimilation
In the assimilation technique used in this study, the EPSAT-SG rainfall rate estimates between two successive AMSR-E brightness temperature (TB) measurements are adjusted by multiplying them by a factor between 0 to 7 that minimizes the difference between simulated and observed TBs.
Results of the assimilation technique at the local scale
The initial results of the assimilation technique generated some significant overestimations of the soil moisture which in some cases lasted a long time after an important rainfall event. In order to avoid this problem, a second value of the δ decreasing time parameter was introduced to allow a rapid decrease of the soil moisture. The rapid decrease (δ=2880 min, i.e. 2 days) of the soil moisture is proposed only in cases where no rain event occurs between two AMSR-E measurements. This is to avoid ambiguous results provided by either a significant rainfall associated with a rapid decrease of soil moisture or a small rainfall associated with a slow decrease of soil moisture. Results at the local scale are shown in Fig. 8 and statistical scores (R 2 , RMSE and bias) are presented in Table 1 . Note that the assimilation technique significantly increases the agreement between observed and simulated soil moisture at the Wankama site. The coefficient of determination (R 2 ) increases from 0.28 to 0.59. In addition, the soil moisture variations that were limited to the range 0.03 to 0.15 m 3 m −3 before assimilation are now more in agreement with the ground measurements (0.01 to 0.28 m 3 m −3 ). Finally, the greatest improvement can be observed at the beginning of July and end of September where most of the overestimated EPSAT-SG rainfalls were corrected by the assimilation technique, as can be seen by comparing Figs. 4 and 8. At the Agoufou site, the improvement is weaker. R 2 increases from 0.36 to 0.38. The soil moisture variations at the beginning and end of the rainy season are in better agreement with observations. On the other hand, a minor rainfall event (5 September 2006, 2 mm measured on the ground) is overestimated by the assimilation technique. This behaviour might be explained by the different spatial scales used in the comparison and could represent a limitation of the methodology. The observations are point measurements obtained from soil moisture probes whereas the assimilation technique is based on the AMSR-E measurements which have a resolution of 25×20 km 2 . In some cases, in particular at the periphery of large rainfall systems, the point measurement may not be representative of the surrounding 25×20 km 2 area, leading to major differences between the observed soil moisture values and those determined by the assimilation technique.
Another limitation of the methodology was found at the Nalohou site and is related to the attenuation of microwave emission by vegetation. As the vegetation cover increases (at the end of the rainy season), the sensitivity to soil moisture decreases. A sensibility test was conducted at the Nalohou site in Benin to define the vegetation optical depth threshold (τ max ) for which the surface soil moisture becomes negligible. A value of τ max equal to 2.4 was found and corresponds to the 20 August value at the Nalohou site. Note that τ max is equal to τ nadir cosθ, where θ is the satellite incidence angle (55 • for AMSR-E), which corresponds to τ nadir equal to 1.38. The assimilation technique was modified so that the assimilation is stopped when the optical thickness of the vegetation exceeds 2.4. In such cases, the original rainfall rate is used and no modification of the rainfall rate is allowed. Results of the second assimilation technique are shown in Table 1 . Note that the second assimilation technique has no effect on the Wankama and Agoufou sites since the optical thickness of the vegetation never exceeds 2.4 at these locations. Using the optical thickness threshold, R 2 increases from 0.35 to 0.51 at the Nalohou site. Fig. 9 . Result of the assimilation technique over the Nalohou site using the τ max threshold. When the vegetation optical thickness at 55 • incidence angle exceeds 2.4, no modification of the rainfall rate is allowed.
Results of the assimilation technique at the regional scale
The assimilation technique was applied at the regional scale. Surface soil moisture mapping and associated simulated brightness temperatures (H-polarization) for 9 August 2006 at 01:30 a.m. are presented in Fig. 10 . Also shown in Fig. 10b is the vegetation optical thickness calculated using Eq. (7) and the observed AMSR-E TB (d). First, note the excellent agreement between observed and simulated TBs. This is not surprising since the assimilation technique selects the TB that is closest to the observed AMSR-E TB. The pattern of the wet area is now close to the observed pattern and wet areas in the east of the domain and in northern Mali have been eliminated. Consequently, the soil moisture mapping (10a) is significantly different from the original one in Fig. 7a . As in Fig. 7 , the vegetation optical thickness is shown as well as the AMSR-E TB h measurements. 
Rainfall estimates provided by the assimilation technique
The aim of this study is to provide accurate surface soil moisture mapping with a high temporal and spatial resolution over West Africa. To achieve this, the proposed method modulates a rainfall estimation product in order to make observed and simulated soil microwave emissions match. After assimilation, new rainfall estimates are obtained and are compared to ground-based rainfall measurements in Fig. 11 . At the Wankama site, the estimated total rainfall accumulation was increased from 352 mm (EPAST-SG) to 538 mm after assimilation, approaching the total rainfall accumulation from ground-based measurements (562 mm). In addition, there were 86 rainy days (d) in the EPSAT-SG product and the new number of rainy days was decreased to 63, closer to the number of rainy days from ground-based measurements (34).
At the Agoufou site, the estimated total rainfall accumulation was increased from 307 mm (EPAST-SG) to 480 mm after assimilation whereas the total rainfall accumulation from ground-based measurements was 358 mm. Although the number of rainy days was decreased from 76 to 54 (39 on the ground), the total rainfall accumulation is strongly overestimated by the methodology.
At the Nalohou site, the estimated total rainfall accumulation as well as the number of rainy days was improved by the assimilation technique, as shown in Fig. 11c .
The strong overestimation of the rainfall amount at the Agoufou site was investigated and was found to be related to the time between two successive AMSR-E measurements which can be up to 36 h. Thus, a rainfall event that occurs 24 to 36 h before a given AMSR-E measurement has a very weak signature or even no signature at all, as already observed by Pellarin et al. (2008) . Consequently, the amount of rainfall has almost no influence on the soil emission 36 h later. Thus, the assimilation technique may select a large multiplicative factor that can be erroneous. This is particularly true in Mali where atmospheric conditions can produce high evaporation rates after a rainy event.
Conclusions
This paper presents an original and simple method to map surface soil moisture with a high temporal and spatial resolution over large areas using a satellite-based rainfall estimation product and soil C-band microwave emissions. The method accounts for rainfall uncertainties associated with all satellite-based rainfall products by assimilating AMSR-E Cband measurements into an Antecedent Precipitation Index model coupled with a microwave emission model. The method was assessed at the local scale using ground soil moisture measurements. An initial limitation of the method was found to be related to the strong C-band attenuation of the vegetation cover over forested areas (south of the domain). When the optical thickness of the vegetation exceeded 2.4 (i.e. 1.38 at nadir), the assimilation technique was found to be ineffective. A second limitation was related to the possible underestimation or overestimation of a rain event by the assimilation technique due to the different spatial resolution of the precipitation product and the microwave emission measurements. Further work is required to improve the method so that it can provide simultaneous soil moisture and rainfall maps. The first limitation was solved by placing a threshold on the optical thickness of the vegetation, improving soil moisture retrieval at the Nalohou site in Benin. No modification has been proposed to solve the second limitation which concerns only a few days, mainly in Mali.
In term of perspectives, these soil moisture maps will be used to study the potential role of soil moisture in the initiation of convection in the Sahel. In addition, within the framework of the SMOS mission, these maps will be helpful in the calibration/validation procedure scheduled for summer 2010 in West Africa. Plans have been made to improve the method by correcting the rainfall estimates using satellitebased soil moisture measurements as suggested by Crow and Bolten (2007) and .
